Here we propose a statistical approach to characterize interspike signals of the electrical activity of peptidergic neurons from their timescale similarity. The approach provides a novel way to compare and classify a set of non-stationary time series based on the comparison of their wavelet transforms.
Introduction
Neurosecretory systems are constituted by a set of peptidergic neurons, whose axons arrive at an organized terminal structure that is called the neurohemal organ; at this site the neural terminations release the secreted substances into the circulation. The peptidergic neurons are similar to other neurons with regard to their morphological appearance and electrical activity patterns. Electrical activity in neurons is composed by spikes or spike trains (bursts) and silent segments, called interspike period. The behaviour of the interspike period has been analyzed by linear and non-linear techniques [1] , but the interspike voltage fluctuations remain to be explored in full detail [8] . In our case, we analyzed the interspike voltage fluctuations of peptidergic neurons recorded from the X Organ of Cherax quadricarinatus with the current clamp technique. The characterization of spike trains variability is a problem in the study of brain functions [5] . Changes in the spike pattern of a neuron show alterations in physiological dynamics either normal or pathological. The appearance of spontaneous and bursting activity is one of the most obvious.
A neuron in a network receives incoming spike trains from presynaptic neurons. In order to model the summed input a neuron receives from its presynaptic partners it is therefore required to study superpositions of spike trains. Several methods have been proposed for quantitative identification and characterization of interspike intervals, among them the Pause Poisson Surprise method, the Robust Gaussian Surprise method and the Rank Surprise method.
Wavelet analysis is efficient for multi-resolution analysis and local feature analysis of a signal. In other words, wavelet analysis involves decomposing a given signal into its scale and time components, so it is most appropriate to analyse a non-stationary time series. Information can be obtained about both the amplitude of any periodic signal as well as when or where it occurred in time or space.
Similarities or differences among two or more time series can be analyzed either from a spectral or a time approach. If two series are generated by the same stochastic process their second order structures are not different each other, and consequently we can characterize a family of signals or time series from these structures. Accordingly, from a scale-time domain a set of similar non-stationary time series can be characterized depending on their wavelet spectra [3] . In this work we propose a new approach to compare and classify the interspike activity of peptidergic neurons depending on their scale-time similarity.
Methods

The wavelet transform
A wavelet function is a function ψ ∈ L 2 (R) with zero average (i.e R ψ = 0), ||ψ|| = 1, centered in the neighborhood of t = 0, and with a finite number of null moments
For a wavelet ψ its dilated and translated dyadic version is given by
where j, k ∈ Z [4] . It is important to construct wavelets such that the family {ψ j,k (t), j, k ∈ Z} is an orthonormal basis of L 2 (R), i.e.
where δ m,n = 1 if m = n, and δ m,n = 0 if m = n. Moreover, wavelets can form bases for various spaces of functions. For example, and more technically,
, it can be descomposed into the following generalized Fourier series as
and due to the orthogonality of the wavelets, we have
for integers j, k, where {d j,k } j,k∈Z are called the wavelet coefficients of X(t).
In continuous domine, scaling ψ by a positive quantity s and traslating it by u ∈ R, we define a family of time-frequency atoms ψ u,s as [4] 
such that for all f ∈ L 2 (R), the continuous wavelet transform (cwt) of f at time u and scale s is defined as
and it provides the frequency component (or details) of f corresponding to the scale s and time location t [4] . In general, the wavelet transform of f provides a time-frequency decomposition of f in the so called time-frequency plane. The energy of the continuous wavelet transform of f at scale s is represented by the scalogram (S) of f defined as
, where S(s) ≥ 0 for all scale s, and if S(s) > 0 we will say that the signal f has details at scale s.
The statistical approach
Let {X t , t = 1, ..., T } be a data set of length T = 2 n , n > 0 integer, the wavelet periodogram of {X t , t = 1, . . . , T } is given by
is the discrete wavelet transform of {X(t), t = 1, . . . , T }. Let consider the two time series {X t , t = 1, ..., T } and {Y s , s = 1, ..., T }, we want to test if they were generated by the same locally stationary wavelet process [6] , with respect to the same wavelet basis. In other words, we want to test the null hypothesis that there is no difference between the integrated evolutionary wavelet spectra [7] of the two time series at each level j, j ∈ {j 0 , ..., J − 1}, i.e. that the total power of the variance and covariance decomposition at level j are equal for both processes. It does not deal with the case of localized power, since from a practical point of view, it can somewhat limit the type of time series being compared. The test statistic at each level j is the ratio of the cumulative wavelet periodograms of the series given by
Salcedo et al. (2012) showed that for two independent gaussian locally stationary processes with zero mean, under the null hypothesis and for large T , the statistic
. For each scale j, the probabilities P j = P (R(j) < r c ) for the test statistic is calculated, where r c is the sample value of the statistic. Then, we reject the null hypothesis for a α% significance level either if P j < α/2 or if P j > 1−α/2, since we are using a two-tail test.
The clustering procedure
The method of clustering proposed here to classify a set of non-stationary time series of length T = 2 n , n > 0 integer, follows the next steps: First, for each pair of time series we applied the test of hypothesis described in section 2.2. Since for each resolution level j, the hypothesis testing provides a p-value, we choose the maximum p-value denoted p max . It's well known that the pvalue of a test of hypothesis represents a measure of similarity and satisfies the properties of a semimetric [2] , so we use the p max as a measure of the spectral similarity between each pair of time series. Finally, we applied an algorithm that incorporates the principles of hierarchical clustering to classify the set of time series. In this step we used the hclust function of the R-program. Initially we compare the 10 inter-spike signals of a peptidergic neuron from Figure 1 , each inter-spike signal is named IS i , i = 1, 2, ..., 10, respectively. Table 1 contains the p-values of all pairwise comparisons at each resolution scale j. Then, from the measure p max and the clustering algorithm, we classified these 10 signals in two well defined clusters: 
Results
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Conclusions
On the basis of hypothesis testing and wavelet analysis we compared and classified a set of 10 non-stationary inter-spike signals of a peptidergic neuron. We could characterize two well defined groups with different patterns of energy distribution of the voltage fluctuations. With this method there is not necessary to consider any probabilistic distribution of burst. 
